The aim of this study was to analyse the sets of atmospherically corrected Remote Sensing (RS) data in order to assess the variability of bare arable land between different soil blocks in the selected area and evaluate the suitability of this approach for locally targeted management. The study was carried out on the territory of parts of South Moravian, Vysocina and Zlín regions. The RS data was analyzed by two models developed in the Arc GIS 10.22 environment using the Normalized Differential Vegetation Index (NDVI) and the Principal component analysis (PCA) analyzing bare soil (BS) with more than 50 % and more than 95 % of the block representation. A layer of agricultural land from the LPIS system was used to delimit arable land areas. For correct determinig of BS value for NDVI were carried out the terrestrial measurements in the monitored area by using the GreenSeeker handheld crop sensor and The FieldSpec® HandHeld 2 spectrometer. Based on these measurements and image dates, 0.2 NDVI was selected as the limit value. As a more suitable source for identifying BS, RapidEye appears to be able to identify an average of 26 % of the observed area as bare ground compared to Sentinel 2 data (22.5 % of the observed area) in models with more than 50 % By representing the BS in a block (NDVI 50, PCA 50). In these versions of the model was more variable soil (VS) indicated by RapidEye. With more than 95 % of the BS in the block (NDVI 95, PCA 95) was found more variable soils by Sentinel 2. This method of indirectly identifying soil variability can assist in the application of fertilizer or soil treatment in the area of site-specific management.
INTRODUCTION
Mapping of in-field soil variability is one of the first important steps on the way to applying site-specific management technologies in agricultural practice. Soil variability can be detected and evaluated through direct (contact) mapping methods, such as soil sampling and their subsequent analysis, or indirectly through digital Remote Sensing (RS) records. Knowing certain features, such as changes in surface reflectance, make these records possible to create a basic idea of soil variability without the need to use the results of other more complex or costly methods of soil variability mapping (eg. soil sampling).
RS allows for the rapid and inexpensive acquisition of soil reflectance data. (Mzuku et al., 2015) , where the soil can be investigated by using a wide range of spectra from 400 to 2500 nm (Kolář, 2008) . A goal of remote sensing is to disentangle the spectral response recorded from a surficial soil and be able to identify the proportions and/or influence of the characteristics within the instantaneous field of view of the sensor system (Jensen 2014) . Visible, near-infrared and short wave infrared (VNIR/SWIR) imagery has proven to be a useful technique for mapping the soil surface properties over bare soil pixels (Ouerghemmi et al., 2016) . The content of organic carbon (Stevens et al., 2010) clay content (Chabrillat et al., 2002) or soil salinity (Metternicht and Zinck 2003) can be deduced from the reflectance in these bands.
Vegetation indexes enable, based on a linear or linear combination of red (R) and infrared (NIR), to improve the vegetation signals contained in RS data. They primarily change with the vegetation cover, but are also sensitive to other factors included in the data, such as soil variability, atmospheric conditions or sensing angle (Jiaguo Qi et al., 1994) . To minimize these factors, a number of modified vegetation indices have been developed, which are dealt with, for example, by Qi et al. (1994a,b) . Indices are most commonly derived from the standardized vegetation index (NDVI) defined by Rouse et al. (1974) .
In their use, the spectral expression of vegetation is accentuated at the expense of soil. However, they are less sensitive to changes in vegetation (unlike NDVI) at lower LAI values and are also more susceptible to atmospheric anomalies (J. Qi et al., 1994; Jiaguo Qi et al. 1994) . If the soil is not covered by vegetation, the NDVI values are the lowest in light soils or when the soil is covered with snow. Higher are for darker soils with higher organic matter content. Higher values of NDVI correspond to higher LAI values. However, the relationship is not purely linear (Tiffin and Ross-Ibarra 2014). NDVI has a positive correlation with carbon, nitrogen, soil moisture (Sumfleth & Duttmann 2008) organic matter (Liu et al., 2015) , pH and organic carbon (Kumar et al., 2016) .
Principal component analysis (PCA) was used to highlight of BS variability. Li a Chen (2014) refers to the PCA as one of the methods for highlighting the BS for its further classification. Metternicht a Zinck (2003) mapped the soil salinity using the RS and PCA data.
For the assessment of soil heterogeneity, statistical variability characteristics (variance, variation span, standard deviation and coefficient of variability) can be used. Wollenhaupt et al. (1997) used coefficient of variability (CV) in the study of variability of accessible P, and K, organic matter content and other factors providing higher yield. CV and standard deviation were used, for example by Vivoni et al. (2008) , for measuring of the soil moisture obtained from RS data. Braidek et al. (2007) shows the range of variability of soil properties based on their CV according to Tab. I. Here the variability of soil properties is divided into 4 categories at Low (CV < 15%), Moderate (CV15% -35%), High (CV35% -75%), Very high (CV 75% -150%).
The aim of the paper was to capture, map and evaluate the variability of soil between different soil blocks in the selected territory based on the above findings using the digital records of the Remote Sensing through four variants of the analysis, differing from the techniques used and the amount of BS areas entering the analysis.
MATERIALS AND METHODS
The study was carried out on the territory of parts of Southmoravien, Vysočina and Zlín regions (see Fig. 1 ). In this area, the soil is extensively used in agriculture (the view is about 90 %). At the time of shooting (March, April and September), the soil surface was only rarely covered with vegetation. The main types of soil types were represented in the monitored area: Cambisols (43.12 %) and Chernozems (22.94 %).
For greater representativeness, soil blocks of more than or equal to 10 hectares were selected. Their basic statistical characteristics are shown in Tab. II and Fig. 2 . The relatively low variability of the soil blocks (Mean area = 31 ha and CV = 7.73 %) is evident from the above values despite the significant left-hand histogram asymmetry. In the total area of the assessed soil blocks is 75 % in blocks up to 38.8 ha.
Two sets of soil blocks data were prepared with 8 meters (RapidEye) and 10 meters (Sentinel 2) buffer blocks to eliminate marginal effects.
Data sources
The first input were 4 scenes taken in March 2012, April 2012 and September 2012 by RapidEye. In these terms, the assumption of the highest incidence of BS was due to the beginning of the growing season (March and April) and the time after the harvest (September), the crops sown at this time did not affect the characteristics of bare arable land.
RapidEye, a heliosynchronous flight path launched in 2008 for agricultural applications (Tapsall et al. 2010; Brüser et al. 2014) , allowing a potential daily review of the images. It carries 5 multispectral sensors that capture Blue (440 to 510 nm); Green (520 to 590 nm); Red (630 to 685 nm); Red-edge (690 -730nm) and near infrared (760 -850 nm) (Adelabu et al. 2013) . By the supplier (Gisat, Ins.) radiometric corrections and basic geometric corrections were performed. The scenes were further orthorectified in ENVI with using the Digital Terrain Model of the Czech Republic -4 th generation and subjected to atmospheric corrections using the QUAC module, which allows atmospheric corrections for multispectral and hyperspectral images containing visible and NIR or SWIR bands. For more information on QUAC, see Bernstein (2012) .
The second set of multispectral data were two scenes from 19. 9. 2015 and 27. 3. 2016 taken by the Sentinel 2 satellite. The Sentinel 2, which was successfully launched in June 2015, features a Multispectral Instrument (MSI) sensor capable of capturing images of the VIS, NIR, and SWIR ranges between 2100 and 2280 mm, up to a 20 m spatial resolution in the VIS and NIR. (Castaldi et al., 2016) . The data were retrieved from the ESA pages at L1C level and then corrected in the SNAP application by the SEN2COR module to the L2A level. Uwe et al. (2013) describe L2A data as an orthocticified digital surface reflectance record based on L1C data, which is data at the "Top-Of-Atmosphere" (TOA) level. L2A data, known as Bottom-Of-Atmosphere (BOA), contain maps outside the ortho-corrected bands of atmospheric corrected reflections:
• Aerosol Optical Thickness (AOT), • water column, • Scene classification, • The probability of clouds and snow in the scene (Uwe et al., 2013) . In the analysis, the spatial data from the LPIS (eagri.cz) agricultural land layers were also used, provided by the Ministry of Agriculture of the Czech Republic in the form of a spatial and descriptive representation of the agricultural land blocks. The data are valid for year 2012.
Ground measurements
A ground measurement has been performed to select the correct NDVI bare land level in the monitored area. The data were collected at 43 locations using the Green Seeker handheld crop sensor (Jones et al. 2015 and Field Spec® Handheld 2 spectrometer operating at wavelengths 325 -10750 nm with an accuracy of ± nm and resolution <3.0 nm @ 700 nm).
At each of the monitored sites, the Green Seeker handheld crop (GS) sensor was subjected to 5 measurements, at which the mean values used for the analyzes were calculated. Subsequently, one Field Spec® Handheld 2 spectrometer was calibrated, which was calibrated at 15 minute intervals using the spectral standard. From the measured data, the NDVI values (Fig. 5) were calculated according to: • Rouse et al. (1974) The curve of the values measured by GS is generalized in some parts in Fig. 3 . This is due to the averaging of the measured values and the larger sensing area than to the spectrometer. The larger scanning area is also reflected in the higher mean NDVI obtained from GS. Differences between soil types are not apparent in Fig. 3 , but the differences between the measurements are significant (standard deviation of 0.03). On the basis of these facts, after the ground measurement and comparison with the available data, the value of 0.2 NDVI was chosen as the limit for bare soil mapping in the monitored dates.
Model description
To determine variability, two models were created in Arc GIS 10.22. The first one calculates soil variability directly from the NDVI layer soil layer with a BS fraction above 50 % (first situation) and over 95 % (second situation). These situations were chosen to test the suitability of the selected data acquisition dates. The CV (%) was used to evaluate soil variability.
Variability detected from NDVI
From the calculated layer of NDVI with disguised clouds a bitmap was created in which:
• 1 represents values below 0.2 NDVI, i.e. the BS assumed, but also the area, water areas, roads and others. • The No Data value then represented NDVI values greater than 0.2 which were removed (forests, meadows and other green vegetation). From the NDVI layer, it was necessary to select areas that actually represent arable land. The other data input was therefore the polygon layer of arable soil from iLpis. This classification was used to calculate the percentage of arable land within a polygon.
This value served to determine the 50 % or 95 % coverage of the BS block. The selected blocks then enter the zonal statistics above the NDVI layer. The next step was to calculate the variation coefficient (CV) and its standardization.
The Scheme of the NDVI variability detection procedure is given in Fig. 4 .
Variability detected from PCA
To highlight the variability of BS, the principal component analysis was used (Li and Chen 2014) . The selected blocks entered the zonal statistics above the layer obtained from the PCA, and the CV was again calculated. Red and infrared radiation bands were included in the analysis because of their relative linear relationship in the interpretation of BS reflectance (Baret et al. 1993) . The SWIR band was used to highlight the humidity when analyzing data from the Sentinel 2 satellite. The Assessment of soil variability based upon first component of PCA is given in Fig. 6 .
Classification clue
The assessment of soil variability according to the CV was done according to Braidek et al. (2007) (see Fig. 1 ). Area categories of land were selected on the basis of criteria for the evaluation of agrochemical properties of soils (Beránek and Klement 2007) for better description between the blocks of different dimensions. The selected area categories also capture the most blocks in the monitored area (See Fig. 2) .
RESULTS AND DISCUSSIONS
The findings of Montandon a Small (2008) have been confirmed, indicating that, in the absence of soil information, the most popular method is to use the lowest NDVI value in the observed scene. However, this method does not take into account the spatial variability of the soil, which is often significantly reduced by selecting the low value. The authors mentioned the impact of soil reflection on the quantification of green vegetation from NDVI. They originated from the normally stated value, where the NDVI for BS is close to zero and usually reaches the lowest positive values of this index, but they found by calculating from 2906 soil samples that the mean value of this index for BS is much higher (NDVI = 0.2) and is highly variable (standard deviation = 0.1). In the case of terrestrial measurements carried out by us using a spectrometer, the mean NDVI was lower (0.13 ± 0.03). However, the mean value measured by the Green Seeker sensor was higher than the values found by the spectrometer (0.18 ± 0.02) and close to 0.2 NDVI. Higher values from Green Seeker are due to differences in soil properties within a larger area. The detected values, however, far exceed the commonly reported NDVI values for BS.
The threshold value of NDVI (upper limit for arable land) affects soil properties such as color, brightness, carbon content, or humidity. Qi et al. (1994a) describes the influence of wet dark soil on different vegetation indices in a different vegetation cover. Indicates a value of 0.2 NDVI for dark and damp soil at zero vegetation coverage. Jones et al. (2015) measured through a Green Seeker handheld crop sensor (Trimble Navigation Limited, Sunnyvale, CA) a reflection of 4 soil types and post-harvest residues from 4 different angles. They found that drier soils have a statistically proven lower NDVI than wetlands. The lower mean NDVI (0.18) was found for fine kaolithic soils. For sandy and clay-sandy mixed soils, the mean NDVI was higher (0.25).
The amount of BS selected by individual satellites is captured in the following Tab. II. The area covered by clouds was taken into account when calculating the area under analysis. The development of captured area of arable land is shown in Tab. IV.
RapidEye captures the least BS selected by the filter in the first scene (March 25, 2012) . The reason is data acquisition before or at the very beginning of spring work. This is evidenced, for example, by the Summary Reports of Regional Departments of Brno and Tábor of the State Phytosanitary Administration on the occurrence of harmful organisms and disturbances in 2012, which talk about many dislocations during March and April due to drought and frozen ground in March.
The image taken on April 27, 2012 already captures more than a quarter of the analyzed area. The RapidEye scenes, taken after the harvest, capture the largest area of soil selected by the filter, and the analyzed scenes represent the best option for mapping bare land. Almost 30 % of the BS obtained from the post-harvest scene of Sentinel 2 then confirms the suitability of September terms. Most BS is capable of capturing RapidEye (average 26.3 % within one year), Sentinel 2 has slightly worse results (22.5 %), probably due to cloudiness and lower spatial resolution.
A first component was used to evaluate the PCA-based model, which contained most eigenvalues in all the examined scenes (at least 3: Comparison of ground measurements 86.7 % for the 19.9 2015 slide). The binding strength between the input data (evaluated by correlation coefficients) was affected by the scanning time or the amount of identified arable land in the scene. This was true for both RapidEye and Sentinel 2 data.
The following tables 5 -8 show the percentage of variables in each scenario.
NDVI 50
In the case of more than 50 % of the BS representation in the block (Tab. V), Sentinel 2 identified a larger range of variable soil (VS) (17422 ha) than RapidEye (14631 ha). This may be due to a higher resolution of RapidEye. The cause may also be the different crop composition in a given year or drought in the area.For both data sources, autumn imaging dates were richer in information on VS occurrence. According to the selected key, the largest surface of VS captured the second autumn term of Sentinel 2. Data RapidEye identifies the largest area of VS in the second spring time (27. 4. 2012 -6492 ha) . Despite the almost double area of arable land captured by RapidEye (156918.1 ha BS), the captured VS area is lower than that of Sentinel 2 (84.821 ha BS).
PCA 50
When determining the variability with a model with more than 50 % BS based on PCA (Tab. VI), the VS area in the RapidEye (16680.1 ha) and the Sentinel 2 (19101 ha) increased compared to the NDVI evaluation. The increase was mainly reflected in the moderate category for the spring dates of both data sources. On the other hand, the BS area is lower than in the case of the NDVI-only variant, in the second autumn term in RapidEye, even in the autumn term of Sentinel 2. In this data source, the SWIR band increases in the category high and Very high in both scenes.
NDVI 95
A model with a 95 % representation of arable land in a block, based on NDVI (Tab. VII), identified in the RapidEye scenes a larger BS area (5749.3 ha) compared to Sentinel 2 (4362.5 ha). Autumn terms are again richer for both data sources. Most BS is in moderate category. In the case of RapidEye, the BS area has slightly increased in area categories up to 20 ha and up to 30 ha. On the other hand, in the largest area category, both BS and low variability were low. In the case of Sentinel 2, the BS area increases in area categories up to 20 ha and up to 30 ha in autumn images only.
PCA 95
The last model, based on a 95 % representation of bare soil in a block (Tab. VIII), evaluates the smallest area of the listed variants as variable. Compared to the version based only on NDVI for RapidEye (5749.3 ha VS) and Sentinel 2 (4362.5 ha VS), it indicates a variable area of 4327.64 ha for RapidEye and an area of 3597.5 ha of BS as variable for Sentinel 2. In scenes made by the RapidEye, the occurrence of variable soil is random. In the case of Sentinel 2, the variable area increases only in the spring image on all Moderate areas. For each scene, the variability is expressed as a percentage) (L-Low, M-Moderate, H -High, VH -Very High.
